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Fig.1 Block diagram of line loss calculation
based on DBN
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Theoretical line loss calculation method of low voltage transform district
based on deep belief network
MA Liye',LIU Jianheng',LU Zhigang',WANG Haiyun®, YUAN Qingfang’, YANG Liping’
(1. Key Laboratory of Power Electronics for Energy Conservation and Motor Drive of Hebei Province,
Yanshan University, Qinhuangdao 066004, China;

2. Electric Power Research Institute of State Grid Beijing Electric Power Company,Beijing 100075, China)
Abstract: Aiming at the problem that the theoretical line loss calculation of low voltage transform district
is difficult brought by complex distribution of lines and huge number of terminals,a novel calculation method
of theoretical line loss based on DBN(Deep Belief Network) is proposed for low voltage transform district.
In the training process,the greedy algorithm is used to carry out unsupervised layer-by-layer pre-training of
the neural network layer in DBN model first,and then supervised global fine-tuning training of the model
is implemented. Adam(Adaptive moment estimation) optimizer is adopted to improve the calculation accuracy.
The measured 2 140 data of the transform district in a certain area are taken as the samples for simulation
and calculation, and results show that the DBN line loss calculation model has better generalization ability,
accuracy and rapidity compared with the shallow neural network,and Adam optimizer is superior to RMSProp
(Root Mean Square Prop) and SGD(Stochastic Gradient Descent) in line loss calculation.

Key words:low voltage transform district;theoretical line loss; DBN;greedy layer training algorithm; Adam



